Abstract-This paper evaluates the use of accelerometers for continuous monitoring of respiratory rate (RR), which is an important vital sign in post-intensive care patients or those inside the intensive care unit (ICU). The respiratory rate can be estimated from accelerometer and photoplethysmography (PPG) signals for patients following ICU discharge. Due to sensor faults, sensor detachment, and various artifacts arising from motion, RR estimates derived from accelerometry and PPG may not be sufficiently reliable for use with existing algorithms. This paper described a case study of 10 selected patients, for which fewer RR estimates have been obtained from PPG signals in comparison to those from accelerometry. We describe an algorithm for which we show a maximum mean absolute error between estimates derived from PPG and accelerometer of 2.56 breaths/min. Our results obtained using the 10 selected patients are highly promising for estimation of RR from accelerometers, where significant agreements have been observed with the PPG-based RR estimates in many segments and across various patients. We present this research as a step towards producing reliable RR monitoring systems using low-cost mobile accelerometers for monitoring patients inside the ICU or on the ward (post-ICU).
I. INTRODUCTION

I
NTELLIGENT monitoring of vital signs (such as heart rate, respiratory rate (RR), blood oxygen saturation level (SpO2) and blood pressure) in unobtrusive ways is crucial to transform recognition of patients at risk of deterioration. Replacement of manual recordings of physiological parameters through the nurses (which are not always accurate or repeatable) was considered as a priority to improve healthcare systems [1] .
The respiratory rate is measured in the hospitals from manual counting of the breaths as the simplest form, conventional impedance pneumography (IP) or an optical technique called end-tidal carbon dioxide (et-CO2). The IP based method as a noninvasive method to estimate RR is highly susceptible to motion and posture changes of the subject [2] and it is very likely to produce erroneous results [3] . In the IP-based method, injection of a low-amplitude high-frequency current into the thorax at ECG electrodes has been performed to measure variations in thoracic impedance. This output impedance has a strong correlation with respiration [4] . In the method using et-CO2, a device called capnometer that uses a small plastic tube is inserted inside the patient's mouth. The tube of the capnometer accumulates expelled CO2 in each breath. The infrared radiation, then, emits a light source that moves through the CO2. Following absorption of infrared radiation over time, a variation with breathing rate will be induced. The et-CO2 based systems are used in the hospitals mainly for patients in critical care. For continuous monitoring of RR in clinical environment, both IP and et-CO2 methods suffer from limitations in terms of patient compliance and accuracy. These limitations also affect validation of any respiratory based monitory system. Portable or wearable systems could suffer from more limitations but they are less obtrusive and therefore good candidates for long-term monitoring of the patients including an increased patient compliance. Therefore, the main challenge in the use of portable/wearable systems will be finding ways to improve the accuracy of the designed respiratory rate monitoring system. Advanced technology introduced wearable sensors which have been evaluated in many studies to enable automatic and accurate estimation of vital signs. Respiratory rate has been investigated the least in research studies compared to e.g. heart rate, which has been extensively under analysis for continuous improvements of the corresponding developed algorithms. Respiratory rate is a key physiological measurement in patient care systems used to quantify risk of patient deterioration [5] [6] . It has been reported in previous studies that abnormal respiratory rate is a highly informative indicator of adverse events such as clinical deterioration [7] - [10] and [11] . Photoplethysmography (PPG) based estimation of respiratory rate has been proposed in recent studies [12] - [14] . A comprehensive review of PPG and electrocardiography (ECG) based algorithms for respiratory rate based estimation has been conducted in [15] . There are other research studies with interests on the use of contactfree systems to estimate respiratory rate. These include the use of thermal and depth imaging camera video [16] , a multimodal system containing pyro-electric infrared and vibration sensors [17] and video images to monitor respiration in the neonatal intensive care unit [18] .
Acceleration signals have been used for many motion analysis applications such as gait, posture, and balance analysis. The use of accelerometers for motion analysis has significantly increased due to their ease of use, portability, and ability to be integrated in low-power wireless embedded platforms. The aim of this research is to investigate the use of accelerometers to estimate RR in clinical environments. Two methods are Fig. 1 . The wearable sensors including ECG, PPG, and accelerometers are shown. For some of the patients, an arm worn accelerometer has been used while for other patients the accelerometer was placed on the chest. The arm worn sensor is specifically useful for patients who have upper gastrointestinal surgery. The block digram of the algorithmic stages to estimate RR from input PPG signal (top row) and acceleration signal (bottom row) are also shown in this figure. proposed to estimate RR from PPG and accelerometer. The core of the PPG method is based on a recent research proposed in [14] . For the acceleration method, various signal processing techniques are combined to produce an estimate of respiratory rate. The accelerometry-based estimates of RR are compared to the PPG-based estimates. The results obtained for patients discharged from intensive care unit (ICU) demonstrate significant agreements between acceleration-and PPG-based estimates of RR. This research is a big step toward continuous monitoring of respiratory rate using accelerometers for monitoring of ICU patients.
The remainder of the paper is organised as follows. In Section II, first, the recorded dataset has been explained. Then, PPG-based algorithm for estimation of respiratory rate has been provided. This has been followed by introducing the accelerometer based algorithm to estimate RR. The experimental results are provided in Section III. Finally, Section IV concludes the paper by highlighting the significance of the results, potential improvements and future work.
II. MATERIALS AND METHODS
A. Dataset
Waveform data have been collected from voluntary participants in the Post Intensive Care Risk Alerting and Monitoring (PICRAM) -II trial. This waveform data was collected using continuous monitoring equipment provided by Hidalgo Ltd. with an attached transmittance photoplethysmograph sensor provided by Nonin Medical Inc. The data was collected at both the John Radcliffe and the Reading Berkshire hospital. In this research only the data collected at Oxford John Radcliffe has been used for analysis.
Time-stamped observations for patients admitted to the ward at the John Radcilffe hospital are recorded within the experiment. The data corresponds to admissions between 2013 and 2014. Sampling frequencies were 256 Hz for the electrocardiogram (ECG), 75 Hz for the PPG, and 25 Hz for the accelerometer. The wearable sensors are shown on a mock patient in Fig. 1 . In the following, the methods for estimation of RR from PPG and accelerometer have been explained.
Ten patients (five male, five female) were selected from a larger dataset. These selected patients' age range was from 45 to 77 years old at the time of discharge from the ICU. The select patients' mean age was calculated as 63.7 years old. The length of their stay at the ICU ranged from 1 day to 15 days. The hospital length of stay for these patients ranged from 7 days to 47 days. All patients were white except one with black/British black ethnicity.
B. PPG-Based Respiratory Rate Estimation 1) Signal Quality Index:
To evaluate the quality of the PPG signal for estimation of RR, a designed signal quality index (SQI) has been used in the pre-processing stage. The SQI index has been obtained by considering the agreement between two independent peak-detector algorithms [19] . The SQI range is [0 1] where 0 represent the lowest quality and 1 represent the highest quality of the data. The SQI has been used and validated in various research studies especially for reliable estimation of average heart rate. In this research, SQI algorithm has been applied to PPG signal segments and a threshold of 0.85 has been employed to consider only those segments with a SQI of equal to or greater than 0.85. It has been observed that this way of PPG segment selection based on an SQI significantly eliminates unreliable respiratory rate estimates which may result from invalid sensor data or highly corrupted signal by various motion interferences. A separately designed respiratory quality index (RQI), which is currently under further development [20] , will be more effective to directly find those segments of PPG signals where reliable RR estimates could be produced.
2) Auto-Regressive Model: After selection of PPG segments with acceptable SQI, two different respiratory-induced modulations [12] , [14] are extracted from the PPG signals to estimate respiratory components. These modulations include respiratory-induced intensity variation (RIIV) and respiratory-induced amplitude variation (RIAV). To derive RIIV, a time-series from the peak amplitudes of the PPG signals is constructed. It has been established that the variation in peak amplitudes of the PPG signals is related to variation in intrathoracic pressure leading to a change in the baseline of perfusion [12] , [21] . For RIAV, peaks and troughs of the PPG signal have been considered. To derive RIAV, a timeseries using the difference between consecutive peak and trough, representing the height of the PPG pulse, has been calculated. This modulation has been believed to be produced as a result of changes in cardiac output related to the quantity of refill in the vessels at the periphery [12] , [21] . The other modulation used in previous studies is respiratory-induced frequency variation. This modulation has not been considered in this research. For the continuous PPG recorded in the clinical environment, derivation of reliable RR estimation from this modulation needs more pre-processing of the PPG signals and highly accurately detected pulse peaks and troughs. For example, minor dislocated peaks on the PPG signals have less effect in derivation of the other two modulations but more effect on the frequency modulation, leading into an inaccurate estimated RR. In addition, some patients studied in this research suffered from atrial fibrillation (AF) where the respiratory-induced frequency variations have been shown not to be able to produce valid results. The effect of AF on respiratory-induced frequency variation can be further investigated in future studies.
Once the amplitude and intensity modulation time-series are constructed from PPG signals, the auto-regressive (AR) model with a varying model orders e.g. p = 1,…,19 are applied to each modulation. This is introduced in [14] , where instead of selecting an optimal model order, the results from different model orders are fused to get an enhanced AR spectrum based on getting a median of AR spectrum for all model orders. From each modulation, based on the median of AR spectral components, the frequency in the range of 0.05 Hz to 1 Hz with maximum peak amplitude can be selected to obtain the RR in terms of breaths per minute (bpm). Then, RR estimates from two modulations must be fused. In this research, a simple comparison of the estimated RR from the two modulations has been performed. Based on this, when the difference between the estimated RR from two modulations is less than or equal to 3bpm, an average of the two estimated RRs has been used as the final estimated RR. Otherwise, the algorithm fails to produce highly reliable RR estimate.
C. Accelerometry-Based Respiratory Rate Estimation
To estimate respiratory rate based on acceleration signals, a low-pass or band-pass filtering should be applied to each axis separately, then, a frequency in the range of 0.05 Hz to 1 Hz with maximum peak amplitude in spectral domain can be selected to calculate the breaths per minute. A number of studies [22] - [25] have investigated the estimation of respiratory rate from acceleration signals. A Gas pressure system has been used to validate estimation of respiratory rate from accelerometers placed on the subject's sternum [26] . The relative mean error of −0.15 bpm has been also reported. In [27] , chest worn accelerometers have been used to estimate respiratory rate in addition to derive angular rate of breathing motion verified by gyroscopes providing high correlation to flow rate measurement from a nasal cannula. A single chest patch sensor containing ECG and accelerometers has been used in [28] to compare fusion of three respiratory rate estimates; one estimate from accelerometer, two estimates using ECG from respiratory sinus arrhythmia and QRS modulation, to the capnography derived based reference [28] .
For most of these studies basic signal filtering has been applied to estimate RR which could lack generalisation. In this study, adaptive line enhancer (ALE) has been applied to acceleration signals in the pre-processing stage to aid in separation of the narrow-band signal from broad-band noise and also to select an axis producing the highest signal-to-noise-ratio (SNR).
1) Adaptive Line Enhancer:
The ALE, introduced in [29] , has been used in many applications [30] such as communication systems [31] , biomedical engineering [32] , [33] and industrial applications [34] for separation of a low-level sinusoid or a narrow-band oscillation from broad-band noise. The core concept of the ALE is based on linear prediction where the nearly-periodic signal is believed to be perfectly predicted based on the past samples while a non-periodic signal cannot be predicted. Therefore, a delayed version of the input signal has been used as a reference signal into the least-mean-square (LMS) adaptive filter and the desired signal has been considered as the original signal. The error signal of the LMS filter is the estimated noise of the input signal and the output signal is the desired separated signal. To estimate RR using acceleration signals, the ALE has been applied to each accelerometer axis separately, where the ratio of the power of signal to the power of noise has been calculated as the SNR. An accelerometer axis with the highest SNR is then selected for further analysis to estimate respiratory rate.
2) Spectral Fusion: After selection of the desired accelerometer axis, fast fourier transform (FFT) can be applied to estimate the highest peak amplitude of the spectrum of ALE signal output in the range of 0.05 Hz to 1 Hz. Then, a frequency with maximum peak amplitude needs to be obtained, however, this frequency does not relate to the respiratory component in all the situations. For some segments of the data, there could be two local maximum peaks in the spectral domain where discrimination of the respiratory frequency is difficult. Using an extensive analysis of acceleration signals, before applying FFT, the singular spectrum analysis (SSA) [35] has been applied to the ALE signal output of the selected accelerometer axis. It has been shown in [36] that after applying SSA into acceleration signals using the resulted eigenvectors and their corresponding eigenvalues, it is possible to extract the trend of the data or the lowest possible dominant frequency (considering the largest eigenvalues) in the signals.
In this study SSA has been applied to the ALE signal output of the selected accelerometer axis to decompose it into corresponding eigenvectors and eigenvalues [36] , [37] . The eigenvectors are sorted in descending order of associated eigenvalues and grouped using a set of indices as {1,2,3} (denoting eigenvectors related to first, second, and third largest eigenvalues) and {2,3} (denoting eigenvectors related to the second and third largest eigenvalues). After grouping the eigenvectors into these two sub-bands (sub-band1 for {1,2,3} indices and sub-band2 for {2,3} indices), a final elementary matrix should be formed by summation of all elementary matrices in each group. Diagonal averaging has been applied to the final elementary matrix for signal reconstruction and a resulted signal has been formed for each group. Therefore, for each sub-band, one narrowband signal has been constructed which has been exposed to the FFT algorithm to estimate and compare the frequency spectrum for two selected sub-bands.
Then, FFT has been applied to each sub-band reconstructed component and the frequency with maximum peak has been considered as potential respiratory components. Then, for each sub-band, the RR is calculated as breaths per minute. If the absolute difference in estimated RR from these two sub-bands is less than 4 bpm, an average RR has been used as the final estimated RR, otherwise, a reliable RR could not be obtained from the acceleration signals. It may be possible to reduce the threshold of 4 bpm by increasing the frequency resolution. The pseudo-code of the RR estimation method from accelerometer signals is presented in Algorithm 1. The block diagrams of the proposed algorithms for PPG and accelerometer based estimation of RR are shown in Fig. 1 .
Algorithm 1: Estimation of RR From Accelerometer
Input accelerations 
III. RESULTS
A. RR Estimation Using PPG
For estimation of RR from PPG signals, as explained in the previous section, first the SQI is estimated for segmented PPG signal. The windowed segments of 32-seconds with no overlap have been used to estimate SQI. Those PPG segments with calculated SQI of equal or more than 0.85, are used for further analysis to estimate RR. In the next stage, the amplitude and intensity modulation time-series [14] are generated. For each generated time-series, the AR spectrum with model orders of p = 2…18 are constructed. A median AR spectrum has been constructed for each modulation. Then the maximum peak in the AR spectrum has been picked out to be a candidate as the respiratory component. RR has been calculated for each modulation. If there is a difference of less than or equal to 3 bpm, an average RR has been recorded for the corresponding segment. Otherwise, a highly reliable RR estimate has not been found. In the following, RR is estimated from acceleration signals and the results are compared.
B. RR Estimation Using Accelerometer
For estimation of RR from accelerometer signals, the ALE has been applied to each axis of the accelerometer signal to separate the oscillatory and noise component of the axes. As one example, the raw acceleration signals for a selected subject (#27) are shown in Fig. 2 . After applying ALE to these segments, the output signal component of all three axes are shown in Fig. 3 . A delay (δ) of 10 samples has been used to generate the reference signal for the adaptive filter. The normalised least mean square (NLMS) adaptive filter with an order of (M = 20), and an offset of (N = 50) has been applied. The acceleration segments are segmented into 64-seconds windowed data segments. However, the first 16 seconds have been discarded and windows of 48-seconds long have been used to estimate RR. A reduced window size of 48-seconds warrants convergence of the NLMS and also is less than two times of the window size used in the PPG-based analysis (32-seconds). As it can be seen from Fig. 3 , the noise and signal component of each accelerometer axis are separated.
The SNR as the power of signal to the power of noise has been calculated as 0.19, 0.11 and 0.32 for axis 1 (lateral), 2 (vertical), and 3 (longitudinal) respectively. The highest SNR corresponds to axis 3 (longitudinal axis). This axis has been selected for further analysis to estimate RR. In Fig. 4 , the accelerometer axes are compared in spectral domain using FFT. As it can be seen from Fig. 4 , FFT applied to the low-pass filtered accelerations shows similar maximum peak (considering frequencies more than 0.1Hz) for all the axes. Although FFT applied to each ALE output shows an enhanced spectrum. The selected accelerometer axis with the largest SNR (third axis for this segment) has been subjected to the spectral sub-band decomposition procedure using SSA. This procedure is necessary for proper analysis of acceleration signals. Sometimes, a sharp change of amplitudes in the acceleration signal creates a low frequency in the spectral domain which is not related to the respiratory component.
Therefore, SSA has been applied to the ALE signal output of the selected accelerometer for sub-band analysis. As explained in the previous section, two new signals are reconstructed in sub-band1 and sub-band2. Then, FFT has been applied to output an estimated RR where the difference of estimated RR in the two specified sub-bands is less than 4bpm.
For patient #27, at Jun.06.2013 13:50:00, a manual observation of RR as 19 bpm was recorded. In the midnight of Jun.07.2013, after about 10 hours and 10 minutes, a manual observation of RR as 22 bpm was recorded. In this time interval, the maximum, minimum and mean recorded RR was obtained as 22 bpm, 18 bpm and 19.92 bpm. The respiratory rate as any other vital can change instantaneously. However, the trends of variations over a long period of time is of clinical importance to detect critical events such as patient deteriorations. The selection of patient #27 is based on low variability of the manual observations to demonstrate cases where applying FFT alone to the accelerometer axes is not effective. In addition, applying SSA sub-band decomposition to select an appropriate frequency band to estimate RR is necessary. A wrongly selected frequency sub-band could lead to major errors of 10 bpm or more in estimation of RR.
In Fig, 4(c) , the FFT applied to each sub-band has been shown where the first sub-band related to grouping {1,2,3} eigenvectors has greater peak amplitude comparing to the the second sub-band {2,3}. In both sub-bands the maximum spectral peaks are in close agreement. For this segment of the data, the estimated RR has been obtained as 17.62 pbm at June.06.2013 14:03:23. The closest manual observation has been recored as 19 bpm at June.06.2013 13:50:00. In Fig. 5 , four examples from subject #27 are provided to further demonstrate an emphasize on the importance of applying ALE and SSA sub-band decomposition for a reliable estimation of RR.
Example 1: All three accelerometer axes demonstrate a dominant low frequency peak around frequency of ≈ 0.35Hz (≈ 21 bpm) by applying low pass filtering and ALE (Fig. 5(a-c) The estimated RR using the proposed method has been calculated as 21.39 bpm. The maximum spectral peak is in a good agreement to the recorded manual observation.
Example 2: Two accelerometer axes demonstrate dominant spectral peak around frequency of 0.38Hz (22.8 bpm) while the other axis shows a maximum peak around 0.3Hz (15 bpm) (Fig. 5(d-f) ). This example shows that selection of the best accelerometer axis is necessary. The ALE is expected to find the best axis using SNR information.
Example 3: This example shows that there is a strong low frequency component which has affected the results after low-pass filtering (Fig. 5(g-i) ). This example shows that FFT applied to raw acceleration, produces a maximum peak in frequencies of less than 0.2 Hz (Fig. 5(g) -relating to a respiratory rate of about 12 bpm). A band-pass filter with lower and upper cutoff frequencies as 0.05 Hz and 1 Hz, has also been applied to raw acceleration where the maximum peak happens before 0.2 Hz. However, the output of the ALE has produced SNR of 0.31, 0.17, 1.46 for axis 1 (lateral), 2 (vertical), and 3 (longitudinal) respectively. The FFT applied to the third axis (which has the highest SNR) has produced a spectral peak around 0.4Hz after applying FFT to the signal ALE output (see Fig. 5(h) ). The sub-band decomposition of the ALE signal output. of the third axis is shown in Fig. 5(i) where the largest peaks in both sub-bands are in close agreement to produce a reliable RR estimate. The average of these peaks has been used to estimate the final RR. For this segment, the estimated RR has been estimated as 23 Example 4: This example shows that a low frequency edge can produce an uncertainty in the RR estimation (Fig. 5(j-l) ). For example, an edge frequency of about ≈ 0.2Hz (≈ 12 bpm) will be picked after applying low-pass filtering and also the SSA algorithm -sub-band1 -as the maximal spectral peak, while there is one dominant frequency at ≈ 0.38Hz (≈ 22.8 bpm). Based on prior knowledge, investigating manual observations and matching to PPG-based estimates, the frequency of about 0.38 (22.8 bpm) is the actual RR related frequency.
For this example, our method failed to select a peak related to RR since there is not a good match in the frequency domain of the two reconstructed sub-band signals; therefore, there is an uncertainty in the estimation of RR and no RR has been returned by the proposed algorithm. On the other hand, FFT based algorithm outputs an RR of about 12 bpm which is related to a frequency edge and very likely a result of an induced transient motion. Therefore, it is invalid.
Uniform acceleration signals (e.g. Fig. 2 and Fig. 3 ) are expected to provide clear spectrum. By detailed examination of the raw acceleration signals, it is found that any types of motions, specially transient motion interferences not related to respiration produce low frequency edges or artefacts on the resulted accelerometer spectrum. The spectrum of the two The results are provided in Fig. 6(a,b) . In addition, our method including ALE and SSA sub-band decomposition has also been applied to the acceleration signals (Fig. 6(c) ). It is evident from Fig. 6(a,b) , that the estimated RR does vary continuously from 10 to 20. By detailed investigation of accelerations segments, it was obvious that transient motion induced quantities affect the signal spectrum in low frequency domain creating a breathing rate of ≈ 10 bpm related to a picked frequency edge. By testing several acceleration segments producing a breathing rate of ≈ 10 bpm and slightly reducing or shifting windowed acceleration segments to include only uniform accelerations, the breathing rates of around 20 bpm were re-calculated. This confirmed continuous change of breathing rate from ≈ 20 bpm to ≈ 10 bpm is mostly invalid.
As Fig. 6 (c) demonstrates, our method minimizes the effects low frequency artefacts in respiration derived spectrum by using the SSA method which attempts to find a shared low frequency component in the reconstructed signals of two sub-bands. Although fewer number of RRs could have been obtained using our method, however, good agreements between manual observation, accelerometer and PPG-based estimates for subject #27, highlight the advantages of our method.
C. Respiratory Rate Monitoring of Post-ICU Patients
For the patients selected in this study, the RR has been estimated from accelerometer and PPG signals and they are compared. In addition, manual observations which were recorded by the nurses in an average of every 6 hours are compared to the RR estimations. In Fig. 7 , the results of estimated RR from acceleometer and PPG signals are shown for subject #18. This subject shows continuous recorded signals for more than 2 days. In Fig. 7(a) , the raw accelerations are shown. The selected accelerometer axis are indexed in Fig. 7(b) where axis 1, 2 and 3 denote lateral, vertical and longitudinal axes. The accelerometry based estimation of RR has been plotted in Fig. 7(c) while the PPG-based estimation of RR has been plotted in Fig. 7(d) . These two estimations using the timestamps are overlapped and plotted in Fig. 7 (e) which demonstrate a strong agreement between RR estimates for most parts of the recorded signals.
As it can be seen from Figure 7 , there are more RR estimates from accelerometer than PPG-based estimates. For six selected patients, the RR estimated from accelerometer and PPG signals in segments of more than 6 hours versus recorded manual observations are shown.
For a subset of 6 selected patients, the PPG and accelerometer based estimates are shown in Fig. 8 . These segments of the data relate to segments of more than 6 hours long. In both Figs. 7 and 8, the manual observations are denoted as blue squares. It can be seen that there are cases where the manual observation does not agree with both PPG and accelerometer based estimates while there is a good agreement between PPG and accelerometer-based estimates. The results of comparable RR estimates from PPG and accelerometer based on the matching time-stamps are shown in Fig. 9 .
In Table I , for 10 selected patients, detailed statistics are provided. Based on this table, the number of PPG segments to estimate RR is shown in the second column for each subject. These segments are converted to their time duration in terms of the number of hours of recorded PPG data. Then, the number of segments with SQI of greater than or equal to 0.85 is provided in the third column. The percentage of segments produced RR estimates based on smart fusion (agreement of AR spectrum in two modulations) are shown for each subject. For accelerometer based estimation of RR, the initial number of segments and the corresponding time duration in terms of the hours of data are provided. Also the percentage of obtained segments to estimate RR based on spectral fusion (agreement in two sub-bands) is provided. The time-stamps have been used to compare the errors of pairwise estimated RRs where both PPG and accelerometerbased RR estimates are available. The mean absolute error (MAE) is shown in the last column of Table I . As it can be seen from Table I , all the resulted MAEs are less than 2.60 bpm. It should be noted that the sample size to calculate the MAE is not the same for all the subjects. Meanwhile, very good MAEs have been achieved for most subjects (less than 2 bpm). The accelerometers have been able to produce RR estimates for about 70 hours of the continuous data while this has been recorded for about 27 hours of PPG data. Although after data fusion, for error measurements, the number of segments are reduced to consider highly reliable RR outputs of the algorithms.
IV. DISCUSSION
There is an essential need for having a mobile and portable respiration system to continuously monitor patients in critical conditions, following vital events or post operation. Respiratory rate has been focused to be estimated from PPG and ECG signals in recent years. However, RR estimation from accelerometer as a motion-based sensor has been extremely limited in research studies. In addition, continuous monitoring of RR in a clinical environment for few hours/days has not been studied from real data collected in the hospital which is a unique contribution of this research.
In this research, accelerometers have been studied for estimation of RR for monitoring patients following discharge from ICUs. The results of estimated respiratory rate from two different signal modalities (PPG and accelerations) in a continuous long period of time have shown to be in close agreement for many segments across patients. The wearable sensor signals used in clinical environments could be severely affected by various motion interferences, sensor fault, and detachment. Both PPG and accelerometer based algorithms impose constraints to select high quality segments of the data and output only reliable respiratory rate estimates. Arm-worn acceleration signals have shown a big potential to be used for estimation of RR for both static and mobile patients.
In the current study, fewer RR parameters were produced using PPG signal input comparing to the use of acceleration signals. This is a consequence of applying SQI related algorithm to the data before applying the RR algorithm.
In addition, smart fusion of RR estimation from two different modulations has produced one final RR estimate only where there are close estimated RRs from both modulations. Otherwise, the algorithm has not been able to output a reliable RR estimate. The comparison of RRs has been performed when both PPG and accelerometry based algorithms have been able to output reliable RR values. In future studies, the PPGbased respiratory rate estimation algorithm could be applied to the continuous recorded PPG signals from wrist/finger worn sensors in the clinical setting to provide reliable RR estimates based on designing a new RQI.
Accelerometry-based analysis of RR can be further improved and validated using both PPG and ECG signals in future studies. The spectral fusion performed in this study based on the output of the ALE and applying SSA algorithm has shown to be effective in producing more reliable RR estimates. This spectral fusion stage can be further improved in future studies to produce as many as RR estimates which are highly reliable across consecutive segments and various patients. In addition, activity classification from acceleration signals can be performed using accelerometer information from other sources such as mobile phone. Joint activity classification and estimation of respiratory rate from arm/chest worn sensor can be studied in succeeding studies. Moreover, fusion of RR estimation from various sensors that could be accelerometers on different positions, and also from combination of PPG and accelerometer can improve the results. This research has also provided a big motivation to use accelerometers for small validation studies versus invasive ground truth data where different body positions (such as arm and chest) and also vary sampling frequencies of accelerometers to observe related performance. Mobile phones can also be placed on the chest and used for certain patient groups to evaluate the estimation of RR from their integrated accelerometer unit. Comparison of arm and chest worn accelerometers for RR monitoring can be performed in the future studies where highly reliable ground truth reference data is required to make accurate inference.
